Perovskite stability is of the core importance and difficulty in current research and application of perovskite solar cells. Nevertheless, over the past century, the formability and stability of perovskite still relied on simplified factor based on human knowledge, such as the commonly used tolerance factor t. Combining machine learning (ML) with first-principles density functional calculations, we proposed a strategy to firstly calculate the decomposition energies, considered to be closely related to thermodynamic stability, of 354 kinds halide perovskites, establish the machine learning relationship between decomposition energy and compositional ionic radius and investigate the stabilities of 14,190 halide double perovskites. The ML-predicted results enable us to rediscover a series of stable rare earth metal halide perovskites (up to ~10 3 kinds), indicating the generalization of this model and further provide elemental and concentration suggestion for improving the stability of mixed perovskite.
The emergence of new applicable materials can often promote the long-lasting development of a particular field in modern science and technology. As a typical example, recent years have witnessed a surge of research interest in solar cell field [1] [2] [3] [4] , which is rooted to the discovery of cuttingedge halide perovskite materials. Perovskites solar cells (22.7%) have become a new front runner in the race of cell efficiency and surpassed CdTe (22.1%) and Cu 2 (In,Ga)Se 2 (22.6%) 5 , major contenders in the thin-film solar cell industry. The main remaining obstacle for the commercialization of perovskite solar cell is the long-term stability. Although great efforts are made in cell architecture and encapsulation, the ultimate way is to improve the intrinsic stability of perovskite materials. Apart from photovoltaics, stable halide perovskites also exhibit their great potential in opt-electric applications, such as wide-spectrum light-emitting-diode 6 and highsensitivity X-ray detector 7 .
Prototype CH 3 NH 3 PbI 3 is easily decomposed into secondary phases such as CH 3 NH 3 I, PbI 2 and I 2 under moisture, air, temperature and light, leading to fast degradation of cell performance, which is reflected by its almost neutral decomposition energy 8 . To address the stability issue, compositional management of perovskite ABX 3 leads to tremendous mixed perovskites with double or multiple elemental mixing [9] [10] [11] [12] [13] [14] [15] [16] [17] [18] [19] of (K, Rb, Cs, MA, FA), (Pb, Sn, Cd, Mn) and (I, Br, Cl) on A, B and X sites respectively, demonstrating enhanced stability in comparison to their single perovskite counterpart. For example, although the photo-active perovskite phase of RbPbI 3 , CsPbI 3 and FAPbI 3 are unstable at room temperature, proper mixing of (Rb, Cs, FA) on A-site can result in stable mixed-A-site perovskite 15, 17 . Now, precise control of stability in experiment aims to utilize more mixing elements such as triple-A (Cs,MA,FA)InBiBr 6 20 , triple-A double-X Cs x (MA 0.17 FA 0.83 ) (1- A 2 B(I)B(III)X 6 that can be considered as the split of B-cation in AB(II)X 3 to monovalent B(I) and trivalent B(III) cations, offer vast perovskites candidates up to ~10 4 , opening up a new treasure trove of materials for resolving current stability issue 22 . Cs 2 AgBiX 6 [X=Br, Cl] is the first double halide perovskites that was successfully synthesized via a solid state or solution route for potential photovoltaic applications in early 2016 23, 24 , stimulating the experimental synthesis of more double halide perovskite such as Cs 2 AgInCl 6 , Cs 2 NaB(III)Cl 6 [B(III) = In, Sb, Bi, Tl, Fe, Ti], Cs 2 KB(III)Cl 6 [B(III) = In, Bi] [see Table S1 ]. Meanwhile, first-principles calculations based on density functional theory (DFT) have become a powerful tool to screen stable halide perovskites for photovoltaic application 25, 26 . So far, experimental and theoretical efforts have investigated only up to ~10 2 kinds of materials, far less than the possible candidates amount of ~10 4 . Meanwhile, none of the explored ~10 2 perovskites has promise to be a stable and high-efficiency solar cell absorber. Therefore, a high-throughput fast-screening methodology is required to speed up the current discovery of new stable perovskites. 
Perovskite stability: human knowledge .vs. machine learning
Although the perovskite stability is a long-standing topic, the practical problems above have made one's desire for stable perovskites never as urgent as now. Conventional materials discovery has been driven by a trial-and-error process due to the limited capability of experiments and theoretical tools. Owing to the simple crystal structure of perovskites, tolerance factor t, based on human cognition of cubic geometry 27 [ Figure 1 ], has become a popular stability descriptor and accelerated the qualitative screening of stable perovskites during the last 100 years. Nevertheless, its quantitative accuracy for the formability and stability is actually not so good as an efficient descriptor on precisely engineering stable halide perovskite 28, 29 . Considering t only describe the stability of general structural framework i.e. cubic ABX 3 phase with corner-sharing octahedron [ Figure 1 ], we recently proposed a new stability descriptor (μ+t) η by further considering the stability of BX 6 octahedron (octahedral factor μ) and atomic packing fractions (η) 29 . The accuracy of relative stability for descriptor (μ+t) η is up to 90%, in comparison to ~70% for t within the model systems of 138 perovskites. In fact, all t, u, η and (μ+t) η are based on functions of compositional ionic radii, considered as key features correlated with perovskite stability. In mathematical words, one is trying to construct a mapping between perovskite stability (property) and compositional ionic radius (feature) [ Figure 1 ] with the mapping formula derived from human knowledge of physics and chemistry on perovskite stability i.e. structural framework (t), Pauling's first rule (μ) and atomic packing fraction (η). Recent researches and applications have proven that such kind of featureproperties mapping can be done more efficiently and precisely by artificial intelligence or machine learning, which demonstrated remarkable learning, prediction and decision ability in diverse areas such as materials design [30] [31] [32] , chemical reaction 33 , medical diagnosis 34 as well as Go game 35 . Therefore, we build a strategy to combine first-principles DFT calculations with machinelearning for high-throughput screening of stable perovskites among ~10 4 perovskites. First, we calculated by DFT, the decomposition energies of 354 halide perovskites, including single and double ones as composition shown in Figure 1 . After that, proper machine learning model is trained based on the feature input (R A , R B1 , R B2 , R X ) and properties output (ΔH D ) of 354 sets of data. This model is then used to predict the ΔH D for other ~10 4 halide perovskites and mixed-halide perovskites, which then provides insights and guidance on experiments. To demonstrate the prediction power of machine learning, we firstly choose our previous data 29 on decomposition energies (ΔH D ) of 126 kinds of double halide perovskites. Using t and (μ+t) η as descriptor, the root-mean-square-error (RMSE) of predicted ΔH D are 39 meV and 22 meV and their prediction accuracies for formability (relative stability) are 68% (80%) and 85% (90%) [ Figure 1 ]. In double halide perovskite A 2 B(I)B(III)X 6 , t, u and η are functions of ionic radius R A , R B,eff and R X , where R B,eff = (R B(I) +R B(III) )/2. To be fair, we choose the same feature set (R A , R B,eff and R X ) for machine learning, which produce a mapping between property (ΔH D,ML ) and features (R A , R B,eff and R, X ). The RMSE of ΔH D,ML to ΔH D,DFT is 17 meV and the prediction accuracies for formability (relative stability) is 89% (93%), indicating machine learning can establish a better mapping between radius and stability than the descriptor (μ+t) η that we proposed in previous work 29 . In the present work, we expanded our DFT calculations to 354 kinds of halide perovskites and the results verify the conclusions that machine-learning works better than (μ+t) η and (μ+t) η works better than t.
For double halide perovskites A 2 B(I)B(III)X 6 , conventional descriptors, whether (u + t) η or t,
treat B(I) and B(III) as the same and the effective radius (R eff ) is (R B1 +R B2 )/2. Therefore, they cannot distinguish two perovskites with the same (R B1 +R B2 )/2. For example, machine learning with feature on (R A , R B,eff and R X ) lead to almost the same decomposition energies for Cs 2 The results of recent synthetic attempt for double halide perovskites are listed in Table S1 , which shows that DFT and ML are correct to predict the formability of most perovskites. For those without DFT results, ML can also predict the formability of most perovskites, such as abnormal Cs 2 Au 1+ Au 3+ I 6 , which was recently proposed to be efficient single-junction solar cell absorbers 38 . The major discrepancies come from perovskites with Cu 1+ and In 1+ at B(I) site. This is because for Cu 1+ , the covalent nature of its high-level 3d orbital make it favor four-coordinate instead of sixcoordinate in perovskites 39 and for In 1+ , it is extremely easily oxidized to its stable charge state In 3+
40
. To completely consider the stability of those perovskites, additional pathways including competing phases with more coordinates and charge states should be considered, which is out of the scope of current work. For those perovskites, our ML results are in agreement with the DFT results both from ours and others, indicating that this discrepancy is not derived from ML methods but from the reliability of DFT data compared to experiments.
One of the major goals for machine learning in materials design is to find new materials out of training sets therefore speed up materials discovery and guide the experiment. One of the intriguing results here is that current ML model successfully predict the stability trend of thousands of rareearth-element-related double halide perovskite A 2 B(I)B(III)X 6 with B(I) = Li, Na, K and B(III) = Sc, Y, La, Ce, Pr, Nd, Sm, Eu, Gd, Tb, Dy, Ho, Er, Tm, Yb, Lu. In Figure 4 , we can see that (i) Machine learning predicted the clear trend of experimental formability from KI-to CsCl-class perovskites; (ii) For individual perovskites, machine learning successfully predicted the stable perovskites that has been experimentally synthesized and none of the perovskites predicted to be unstable has been synthesized. It is noted that recent interest in double halide perovskite initiated in 2016 when the Cs 2 AgBiBr 6 was synthesized 23, 24 . The class of rare-earth-element-related double halide perovskite has drawn rarely attention currently and therefore been unexplored yet. The ML results have driven us to rediscover those large quantities of stable double halide perovskites that have been successfully synthesized in 1960s-1980s 36 . The consistency as shown in Figure 4 partially prove the generalization of our ML model, which may provide guidance for experiments to explore much more stable perovskites that have not been synthesized as shown in Figure 3 and S1-S5. Table S2 .
Compositional engineering to stabilize perovskite
One advantage of machine-learning methods is its convenience to explore the landscape of stability on continuous feature space therefore capable of providing valuable information and guidance for the stability of mixed-elements perovskites. In contrast, first-principles DFT calculations or individual experiments provide only scattered points as shown in Figure 5 of featureproperties plot and therefore difficult to investigate the full landscape on feature space.
It is observed in Figure 5 that (i) the perovskite stability can be enhanced by chemical mixing of different cations and anions on all the A, B and X site. For example, the enhanced stability of MA x FA 1-x PbI 3 is reflected by the convex curve in the whole range of 0 < x < 1 of both Figure 5 (a) and (b) . Also, the addition of Br in APbI 3 (A = Cs, MA, FA) resulting in APb(I 1-x Br x ) 3 can enhance the perovskite stability; (ii) Although Sn 2+ is easily oxidized, the addition of Sn at B-site of (MA/FA)PbI 3 can make (MA/FA)(Pb 1-x Sn x )I 3 have better stability than its pure Pb-counterpart (MA/FA)PbI 3 , which could be a viable way to engineer stable low-bandgap perovskites for higher efficiency single junction solar cell 41, 42 and perovskite tandem cell 43 ; (iii) Many of existing experiments are focused on the chemical mixing of double or multiple elements on one particular site. Taking A-site mixing as an example, much efforts are made on (MA,FA)PbI 3 , (Cs,MA)PbI 3 , (Cs,FA)PbI 3 and (Rb,FA)PbI 3 12-15,44 . In principles, those mixing has the same effect, i.e. tuning the effective radius of A site. For example, the positions of ①MA 0.13 FA 0.87 PbI 3 in Figure 5 is almost the same as ⑨Rb 0.05 FA 0.95 PbI 3 . From this perspective, the effect of multiple mixing on single site can be achieved by double mixing; (iv) Most of current experiments focus on single-site double/multiple-mixing which is constraint in particular lines (dashed lines in Figure 5 ) therefore limits the tunability. Alternatively, wide unexplored region in Figure 5 with great potential for high stability can be arrived by double-elements multiple-sites mixing. It is noted that in the last five years, the stable perovskites absorbers for world-record cell efficiency has been developed 5 The results in Figure 5 provide directions to engineer more stable mixed perovskites for which a balance for optical and electronic properties are required as high-efficiency stable perovskite solar cell absorbers.
Conclusion
We proposed a strategy by combining machine-learning and first-principles DFT calculations to engineer the stability of halide perovskites. By choosing DFT results of 354 perovskites as training set, we established a machine learning mapping between perovskite stability and ionic radius, which demonstrated better performance than the descriptors of long-lasting tolerance factor t and recently proposed (μ+t) η . This machine learning model is then used to predict the stability of over 10 4 halide double perovskites, among which up to ~10 3 rare-earth-metal perovskites are rediscovered. The stability trend predicted by machine learning model is in great agreement with available experiments, indicating the generalization capability of current machine model. Synthesis are called for the unexplored perovskites that are predicted to be stable in this model, therefore providing guidance for experiments. Machine-learning model is then used to predict the stability landscape of mixed perovskites, rationalize diverse experimental results in the field and suggest double-elements multiple-sites mixing strategies for further improving the stability of mixed perovskite. chosen to study the thermodynamic stability of 126 halide perovskites and a stability trend was found, which did not have significant change when additional pathways are considered 29 . The large discrepancies come from certain perovskites such as Cu 1+ and In 1+ -based ones that were discussed in text. When additional pathways are considered, the decomposition energies may decrease. Therefore, the decomposition energies predicted in this work are upper limit values.
Methods

Decomposition energy calculations
The total energies of perovskites and their secondary phases were calculated using the computational package VASP 46 . The projector augmented-wave (PAW) 47 pseudopotential with the general gradient approximation (GGA) of the PBEsol exchange correlation functional was adopted, and the cutoff energy was 300 eV. The same k-mesh density was chosen for all the structures by setting KSPACING = 0.12. The geometry was relaxed until all atomic forces were less than 0.01 eV/Å, and at each self-consistent field iteration the convergence criterion for the total energy was 0.5 meV.
Machine-learning method
The hidden relationship between the output decomposition energy (ΔHD) and the input feature space (d) is achieved in terms of our supervised machine learning process. In detail, Kernel Ridge Regression (KRR) 48 Figure 5 . 
